Recently, the wavelet-based estimation method has gradually been becoming popular as a new tool for software reliability assessment. The wavelet transform possesses both spatial and temporal resolution which makes the wavelet-based estimation method powerful in extracting necessary information from observed software fault data, in global and local points of view at the same time. This enables us to estimate the software reliability measures in higher accuracy. However, in the existing works, only the point estimation of the wavelet-based approach was focused, where the underlying stochastic process to describe the softwarefault detection phenomena was modeled by a non-homogeneous Poisson process. In this paper, we propose an interval estimation method for the wavelet-based approach, aiming at taking account of uncertainty which was left out of consideration in point estimation. More specifically, we employ the simulation-based bootstrap method, and derive the confidence intervals of software reliability measures such as the software intensity function and the expected cumulative number of software faults. To this end, we extend the well-known thinning algorithm for the purpose of generating multiple sample data from one set of software-fault count data. The results of numerical analysis with real software fault data make it clear that, our proposal is a decision support method which enables the practitioners to do flexible decision making in software development project management.
Introduction
Nowadays, computer systems serve the key function in achieving highly complicated and safety-critical missions. Especially, the size and complexity of software, which is an important element in computer systems, have continued to increase. This trend makes the quality evaluation much more difficult than ever before. Usually, software is debugged during the testing phase of software development, so that the software reliability is improved over time as a result of detecting and removing software faults. But in fact, aside from the issue of cost, it is impossible to detect and remove all the faults in software. Hence the project leader is often faced with two options: (i) release the software to meet the budget and the delivery deadline, even if the software may not be reliable enough, or (ii) stay with software test some more to gain a higher reliability, even if this may lead to increased cost and delayed shipping time. To support their decision making, many software reliability models (SRMs) that state the software faultdetection phenomenon have been proposed. Well-structured SRMs [17] , [18] , [22] , [32] can provide reliable assessment results on the quantitative software reliability, which is defined as the probability that software system does not fail during a specified time period, meanwhile help to address many problems, such as development cost estimation, resource planning and software release scheduling. In the field of knowledge-based software reliability engineering, the non-homogeneous Poisson process (NHPP) based SRMs have gained much popularity because they can expertly integrate human experience into stochastic process [17] , [22] . The NHPP-based SRM is governed by its mean value function, or equivalently by software intensity function. The quantitative software reliability can be calculated directly from the software intensity function, which is usually estimated from the observed software fault data. The tractability and satisfactory goodness-of-fit performance of the NHPP-based SRMs are the main reasons of their popularization.
With the inclusion of the representative ones proposed by Goel and Okumoto [10] , Goel [11] , Yamada et al. [33] , Abdel-Ghaly et al. [1] , and Zhao and Xie [38] , almost all the NHPP-based SRMs are formulated as parametric models. That is, different parametric forms were assumed for the software intensity function in different NHPP-based SRMs. Note that, these assumptions are based on the knowledge of the software fault-detection rate, which is considered as constant, increasing or decreasing along testing time. However, the lesson learned from a huge number of empirical studies reported suggests that the best parametric NHPP-based SRM which can fit every type of software fault data does not exist. In other words, the past experiences or the knowledge we already have assuredly help in building a new model, but they often result in a system-dependent model that is specialized to specified software development project. This fact actually refers to the limitations of parametric models in practice and means that nonparametric approaches without assuming the parametric form should be used to describe the software debugging phenomenon.
Among the available nonparametric approaches in the literature to tackle this problem, the following methods have several theoretical and practical merits. Sofer and Miller [23] used an elementary piecewise linear estimate of the software intensity function from the software-fault detection time data and proposed a smoothing technique by Copyright c 2014 The Institute of Electronics, Information and Communication Engineers means of quadratic programming. Gandy and Jensen [9] applied the well-known Aalen estimator to estimate the software intensity function. Although their estimator is statistically consistent, it is not feasible in many situations where the software products are tested by only one test team. Wang et al. [24] applied the kernel-based method to the NHPP-based SRM, where they focused on the local likelihood method with a local weighted log likelihood function. Recently, Xiao and Dohi [27] - [30] developed the wavelet shrinkage estimation. The wavelet transform decomposes the observed software fault data into time-frequency domain, so that the invisible knowledge involved in the observations can be extracted and presented in the form of frequency. This is one of the main reasons of why the waveletbased approach can estimate the software reliability measures with less computational cost than the other nonparametric approaches, and with better goodness-of-fit accuracy than the conventional parametric estimation methods.
In the above studies, the model estimation is done by only point estimation methods. It is well known that point estimation provides only the expectation of certain reliability measure as the output. From a statistical standpoint, the point estimate does not take the uncertainty of the corresponding estimator into consideration. However, it is worth mentioning that the software reliability assessment should be always considering the uncertainty, because the upper and the lower bounds of the target estimator are much more preferable rather than the point estimate itself for practitioners. This motivates us to consider the interval estimation to deal with the uncertainty in software reliability modeling. Kuo and Yang [15] , Yin and Trivedi [37] , Okamura et al. [19] developed the general approaches for NHPP-based SRMs from the Bayesian statistical points of view. On the other hand, apart from the Bayesian approaches, Yamada and Osaki [35] , Joe [12] , van Pul [25] , Zhao and Xie [38] gave the interval estimates of model parameters in some specific NHPP-based SRMs. These studies are based on asymptotic approximations. Moreover, non-Bayesian interval estimation without asymptotic approximations can be achieved by means of bootstrapping [6] - [8] . The bootstrapping is a combination of data resampling and replication of estimation, and enables us to estimate the probability distribution of arbitrary estimators under interest, if they exist. van Pul [26] applied the statistical bootstrapping technique to the well-known Jelinski and Moranda SRM [17] , [18] , [22] . Kaneishi and Dohi [13] estimated 95% confidence intervals of software intensity function as well as other software reliability measures of a parametric NHPPbased SRM, using three bootstrap methods.
Our concern in this paper is the confidence interval estimation for nonparametric NHPP-based SRMs, of which the software intensity function is estimated by the waveletbased approach. There are mainly three advantages of our proposal; (i) It is an interval estimation method that provides the practitioners with a range of the interested software reliability measure. (ii) It is a nonparametric estimation without assumptions under any software debugging scenario. This feature helps to limit the effects of human involvement in the modeling process. (iii) It is combined with the wavelet shrinkage estimation, which makes the knowledge extraction from observed data more effectively. The goal of knowledge-based software reliability engineering is to produce results in the 'real world' via artificial models and to do so using techniques that are highly computational. Although the wavelet-based approach stands on advanced mathematics, we give an implemental algorithm so that the practitioners can use it with no hassle.
The rest of this paper is organized as follows. The next section presents the basic modeling framework of NHPPbased SRMs, where we focus on the discrete observation of software fault count phenomenon and the discrete NHPPbased SRMs [20] , [21] , [34] , [36] . Section 3 is devoted to a brief introduction of the wavelet shrinkage estimation [29] . In Sect. 4, we present an interval estimation method for the wavelet-based software reliability assessment. Note that, the methods given by van Pul [26] and Kaneishi and Dohi [13] are proposed for analyzing the software-fault detection time data. For the purpose in the software reliability analysis with the software-fault count data (grouped data), we apply the simulation-based bootstrap method to estimate 95% confidence intervals of the software intensity function and the mean value function as well as their associated probability distributions. The results are useful for the practitioners to do flexible decision making in software development project management. In Sect. 5, we illustrate a numerical example with real software-fault count data. Conclusion is presented in Sect. 6.
NHPP-Based Software Reliability Modeling
In a system test as the last phase of software testing, we count the number of software faults detected on each unit testing date, such as the i-th day or the i-th week. Suppose that the number of software faults detected through a system test is observed at discrete time i = 0, 1, 2, . . .. Let Y i and N i = i k=0 Y k denote the number of software faults detected at the i-th testing date and its cumulative value, where Y 0 = N 0 = 0 is assumed without loss of generality. The stochastic counting process {N i : i = 0, 1, 2, . . .} is said to be a discrete non-homogeneous Poisson process (D-NHPP) if the probability mass function at time i is given by
where 
Wavelet Shrinkage Estimation for NHPP-Based Software Reliability Models
The applicability and affectivity of the wavelet shrinkage estimation (WSE) in software reliability assessment have been demonstrated in [29] through numerical examples using real software-fault count data. The method is explained here briefly. Consider the problem of estimating the software intensity function λ i from software-fault count data y i (i = 1, 2, . . . , n) with length n. The basic idea of WSE is to remove the noise included in the observations to get a noise-free estimate of the software intensity function, saŷ
The noise removal using Haar wavelets is performed through the following three steps: (i) expanding y i to obtain the empirical wavelet coefficients, (ii) removing the noise included in the empirical wavelet coefficients using thresholding method, and (iii) making use of the denoised coefficients to calculateλ i . First, expand the observations by
where
are called the empirical scaling coefficients and the empirical wavelet coefficients, respectively, for any primary resolution level j 0 (≥ 0). Here, φ j,k (i) and ψ j,k (i) are the so-called Haar father wavelet and Haar mother wavelet, respectively. Due to the implementability, it is reasonable to set an upper limit instead of ∞ for the resolution level j. In other words, the highest resolution level must be finite in practice. We use J to denote the highest resolution level in this paper. That is, the range of j in the second term of Eq. (2) 
Generally, j 0 is set to be 1, and J is selected from the range { j|2 j ≤ n}. The mapping from function y i to coefficients
Second, the noise involved in the empirical wavelet coefficients d j,k should be removed. Donoho and Johnstone [2] - [4] and Donoho et al. [5] proposed non-linear wavelet estimators of y i based on a reconstruction from judicious selections of the empirical wavelet coefficients, and suggested the extraction of the significant wavelet coefficients by thresholding, where d j,k are set to 0 if their absolute value is below a certain threshold level. Up to now, although a broad class of thresholding schemes is available in the literature, the common choices of thresholding method are the hard thresholding
and the soft thresholding
for a fixed threshold level τ (> 0), where 1 A is the indicator function of an event A, sgn(u) is the sign function of u and (u) + = max(0, u). There are many methods to determine the threshold level τ. Kolaczyk [14] developed an appropriate threshold level for Poisson data. They called it level-dependent threshold, which is of the following form:
where λ 0 is the sample mean. As a result of thresholding, the denoised empirical wavelet coefficients, sayd j,k , are obtained. (2), we have the estimateλ i (i = 1, 2, . . . , n). This procedure is called reconstruction and the corresponding algorithm is called the inverse Haar wavelet transform. Hereafter, we use H(·, ldt) to denote the WSE using a certain thresholding method and the level-dependent threshold (ldt).
In addition, it is known that the estimate obtained from the Haar-wavelet-based denoising procedure tends to have a 'staircase'-like appearance. This problem can be solved by TIPSH Algorithm [14] . Define a circulant shift operator S h by (S h y) i = y (i+h) mod n , where y = (y 1 , y 2 , . . . , y n ). This operator is clearly invertible, i.e., S −h = (S h ) −1 . We can obtain the estimateλ i by calculating the fully translationinvariant estimates of y, which is given bŷ
where T (y) presents the output of H(·, ldt) with the input y, and H = {0, 1, . . . , n − 1}. To distinguish, we use HTI(·, ldt) to denote the H(·, ldt) combined with translationinvariant denoising approach. In this way, the WSE (H(·, ldt) or HTI(·, ldt)) provides the point estimate of the software intensity function, from which the point estimate of the mean value function can be obtained
Nonparametric Interval Estimation Method

Bootstrapping
The bootstrap (BS) method [6] - [8] is a combination of data re-sampling and replication of estimation. Generally, there are two types of BS methods. One is the resampling-based BS method, and the other one is the simulation-based BS method. The resampling-based BS method generates multiple sample data directly from one set of data with replacement. Because the resampling-based BS method is implicitly based on the conditional distribution of inter-failure times of an NHPP, it can be applied to only the softwarefault detection time data. In fact, van Pul [26] and Kaneishi and Dohi [13] treated with only the software-fault detection time data. On the other hand, the simulation-based BS method works as long as an estimate of software intensity function is in hand, no matter which type of software fault data is used to obtain the estimate. In other words, the simulation-based BS method starts with an estimate that is obtained by applying some kind of estimation method to the observed data, and generates multiple sample data using the estimate. Lewis and Shedlar [16] derived the following theorem:
THEOREM: Consider an NHPP {N(t), t ≥ 0} with intensity function λ(t). Let t 1 , t 2 , . . . , t e be the points of the process in the time interval (0, t e ]. Suppose that certain function λ * (t) satisfies λ * (t) ≤ λ(t) for 0 ≤ t ≤ t e . For j = 1, 2, . . . , e , delete the point t j with probability 1 − λ * (t j )/λ(t j ). Then the remaining points form an NHPP {N * (t), t ≥ 0} with intensity function λ * (t) in the time interval (0, t e ].
Based on this theorem, they proposed the thinning algorithm to generate the arrival times of an NHPP.
Thinning Algorithm: 1. Generate points (arrival times) in the NHPP {N(t), t ≥ 0} with intensity function λ(t) in the fixed time interval (0, t e ]. Denote the ordered points by t 1 , t 2 , . . . , t e . If the number of points generated is such that e = 0, exit; there are no points in the generated NHPP {N * (t), t ≥ 0} with intensity function λ * (t). Else, set j = 1, r = 0. 2. Generate U j , uniformly distributed between 0 and 1.
If U j ≤ λ * (t j )/λ(t j ), accept t j ; set r = r + 1, t * r = t j . Else, reject t j . 3. Set j = j + 1. If j ≤ e , go to 2. Else, go to 4. 4. Set n * = r. Return points t * 1 , t * 2 , . . . , t * n * as the generated arrival times of {N * (t), t ≥ 0} with λ * (t).
BS method for D-NHPP-Based SRMs
Since the wavelet shrinkage (WS) estimates of the reliability measures such as the software intensity function and the mean value function are based on only one sample data, they do not take the uncertainty of the corresponding WS estimator into consideration. To take account of uncertainty, and to meet the need of software reliability analysis with software-fault count data, we employ the simulation-based BS method using thinning algorithm to replicate multiple sets of software-fault count data from the observed data. In this section, as the main part of the interval estimation method for wavelet-based software reliability assessment, we propose the BS method for D-NHPP-based SRMs. To this end, firstly, the method of thinning in Sect. 4.1 need to be extended. It should be noted that the thinning algorithm is not applicable to simulate NHPP with discrete intensity function. In the initial setting of thinning algorithm, the ordered points t 1 , t 2 , . . . , t e of original NHPP are continuous values. But when one wants to simulate NHPP with a discrete intensity function λ * (t), t = 1, 2, . . ., the comparison U j ≤ λ * (t j )/λ(t j ) is not implementable because λ * (t j ) is undefined if t j is not an integer. In this paper, we complement the discontinuous points in discrete intensity function with the linear interpolation, which is known as the firstorder spline interpolation. More specifically, when generating an NHPP with a discrete intensity function λ * (t), we redefine λ * (t) before the second step of the thinning algorithm as
where, t = max{s ∈ Z|s ≤ t}. By employing the above extended thinning algorithm, we take the following steps to replicate m sets of BS samples from software-fault count data, which are considered as the realizations of a D-NHPP. Although we use WSE to estimate the software intensity function here, the following procedures are not restricting to WSE. For better understanding, we show the outline of the BS method for D-NHPP-based SRMs in Fig. 1. 1. Let y = (y 1 , y 2 , . . . , y n ) and λ = (λ 1 , λ 2 , . . . , λ n ) denote the software-fault count data and the discrete software intensity function, respectively. 2. Apply WSE to y to obtain the WS estimate of λ, denoted byλ = (λ 1 ,λ 2 , . . . ,λ n ). 
It is well known that the above empirical c. 
, where k L and k U are indexes corresponding to 100(1 − p)% and 100p%-quantiles satisfying
The similar approach can be taken to the other reliability measures such as the mean value function. To complete the discussion, we give the pseudo code of the interval estimation method for wavelet-based SRMs in Fig. 2 .
Numerical Analysis
Data Set and Experimental Setting
We use a real software project data set cited in Ref. [17] where it is named as J1. This is a set of software-fault count data (group data), where the number of software faults detected on each testing date is recorded. The final testing date and the total cumulative number of detected faults of this data are 62 and 133, respectively. As we apply the WSE with two thresholding techniques (hard thresholding (h) v.s. soft thresholding (s)) using level-dependent threshold (ldt), the results of a total number of four WSEs are shown in this paper. More specifically, the four methods are H(h, ldt), H(s, ldt), HTI(h, ldt) and HTI(s, ldt). Based on a preliminary empirical study [31] , we have found that resolution level J = 3 provided better goodness-of-fit performance than J = 4 or J = 5. For brevity, we restrict the following discussions to the WSEs with resolution level J = 3.
We generate m = 10000 BS samples based on the BS method for D-NHPP-based SRMs. Throughout this paper, we fix the significance level as 5%. That is, the 95% confidence intervals of both software intensity function and the mean value function are derived. In addition, the mean, median, variance, skewness, kurtosis of the WS estimators are also presented in Table 1 and Table 2 , at four observation points (25%, 50%, 75% and 100%) of the whole data. Note that the evaluations are executed at all observation points, but we show only four representative points to give a global insight of the evaluation results.
Results and Discussions
On the Mean and the Median
It is observed from Table 1 and Table 2 that the mean of the WS estimators is larger than the median of them in all WSEs at all observation points. The mean squares error (MSE) between the mean and the real data is 0.524580, while it is 0.512809 in case of the median. In addition, from the theoretical perspective, the mean is often affected by the existing of outliers, but the median can eliminate the influence of the outliers. Therefore, it is reasonable to take the median as the point estimates of the simulation-based BS method. For comparison, we show the point estimates of WSEs at corresponding observation points in the last columns of Table 1 and Table 2 . Comparing with the WS estimates of the mean value function, we can see that the BS estimates (median) based on WSEs with hard thresholding are smaller at observation points 25% and 50%, while are larger at observation points 75% and 100%. In case of WSEs with soft thresholding, the BS estimates are smaller than the WS estimates also at observation point 75%. A similar trend can be found in case of software intensity function. Therefore, it may be said that the BS estimates tend to be rather underestimated than the WS estimates in early observation points. In fact, the MSE between the WS estimates and the real data is 0.197749, which is much smaller than that of the BS es- timates (0.512809). As shown in Fig. 3 , the WS estimates are very close to the real data. However, this result does not mean that the BS estimates are inferior to the WS estimates, but implies that the WS estimates may be over-fitted to the real data. From a statistical viewpoint, the BS estimates are rather reasonable.
On the Variance and the Confidence Interval
It is found that HTI(s, ldt) shows the smallest variance at observation points 25% and 50% in Table 1 , while HTI(h, ldt) provides the smallest variance at three observation points (50%, 75% and 100%) in Table 2 . These two WSEs also provide relatively tight 95% confidence interval. More precisely, the WSEs that give the narrowest confidence interval at each observation point are as shown in Table 3 . Because a narrow confidence interval indicates that the population value is probably quite close to the sample estimate, and a wide confidence interval indicates that the population value may be quite far from the sample estimate, we suggest that the WSEs with hard thresholding are the better ones for the mean value function, while the WSEs with soft thresholding should be used when estimating the software intensity function. Figure 4 depicts the behavior of both the WS estimates and their confidence intervals. The bar graph and the solid line indicate the observed data and the WS estimates, respectively, while the gray-shaded boxes show the 95% confidence intervals at observation points 25%, 50%, 75% and 100% of the whole data. For example, from (ii) of Fig. 4 , we can know the upper and the lower bounds of expected cumulative number of software faults. For the purpose of comparison with existing parametric NHPP-based SRMs, we apply the simulation-based BS method to an NHPP-based SRM with geometric distribu-(i) software intensity function.
(ii) mean value function. tion. The maximum likelihood (ML) estimation is used for estimating the unknown model parameters. Figure 5 depicts the behavior of the confidence intervals of both WS estimators and ML estimators. It can be confirmed from this figure that, i) the real software-fault count data always inside both confidence intervals, and ii) the confidence interval of WS estimators is narrower than that of ML estimators. The point i) ensures that our interval estimation method is reliable, and the point ii) suggests that our method is superior to the existing ones. Moreover, the confidence interval of the mean value function enables us to obtain a comprehensive view in decision making.
Furthermore, it is worth mentioning that HTI(h, ldt) outperforms the other WSEs in terms of goodness-of-fit performance, which was confirmed in our preliminary empirical study [29] . Therefore, from the numerical examples on both the point estimation and the interval estimation, it can be concluded that HTI(h, ldt) is the most appreciate wavelet shrinkage-based estimation method among the four WSEs.
On the Skewness and the Kurtosis
Finally, looking at Table 1 and Table 2 , it is found to be right-skewed empirical c.d.f.s for the WS estimates of both the software intensity function and the mean value function. While the kurtosis shown in Table 1 are relatively far from 3, it is evident from Table 2 that the resulting empirical c.d.f.s of the WS estimator of the mean value function are considerably near to a normal distribution. In this case, an asymptotic normal approximation can be applied to the estimation of mean value function. We show the confidence intervals of normal distribution in Table 2 and Table 4 are extremely near to each other. Letting LCL(·) and UCL(·) denote the lower confidence limit and the upper confidence limit, respectively, we define the percentage of differences (POD) between the estimated (denoted by ES T ) and the approximated (denoted by APP) confidence intervals as
The PODs for the four WSEs at different observation points are presented in the form of (POD L , POD U ) as shown in (ii) 50% point.
(iii) 75% point.
(iv) 100% point. Table 5 . It can be seen that, except for observation point 25%, the differences are smaller than 1% in most cases. As an example, we plot the empirical c.d.f.s based on HTI(h, ldt) at four observation points (25%, 50%, 75% and 100%) in Fig. 6 . In addition, the corresponding normal distributions with the same mean and variance are plotted in solid lines. More specifically, the normal distributions in (i) ∼ (iv) of Fig. 6 are N 
Software Reliability Assessment
Our next concern is to develop a prediction method for the proposed interval estimation method. We predict the confidence intervals of the software reliability measures by introducing the idea of one-stage look-ahead prediction [30] . More specifically, the prediction is executed at the 2 J -th testing date. That is, we regard the data observed from t = 2 J + 1 to t = n as unknown data, and predict the 95% confidence intervals of the WS estimators based on the data observed from t = 1 to t = 2 J . Here, we show the behavior of the confidence intervals of the mean value function in Fig. 7 . Because we set the resolution level J to 3, the confidence interval and the median of the WS estimator start from We can see that the median of the WS estimators is very close to the real software-fault count data. Besides, the confidence interval of the mean value function always includes the real data. However, the width of the confidence interval does not seem to be tight enough. This weakness motivates us to improve our method in future work.
Using the predicted confidence interval of the software reliability measures, one can predict the quantitative software reliability sequentially. Figure 8 plots the sequential estimation of the software reliability function, where the software reliability is the probability that no faults are experienced at time interval [t, t + 1], and is given by
Note that the software reliability function shown in Fig. 8 is sequential estimates, so it does not have monotonically decreasing property. However, it is found that the upper bound of the software reliability seems to be globallydecreasing. In addition, the width between the upper and the lower bounds tends to become narrower over time. This result will be very helpful in practice, even though the behavior of the predictive software reliability is quite chaos. For example, this figure tells us that, even in the worst case, the software reliability is still larger than 0.1 on the 25-th unit time after release. However, even in the best case, the software reliability will drop down to 0.18 on the 25-th unit time. Then the project leader can decide to execute additional software test if he or she thinks the software reliability is too low. In this case, a higher reliability will be gained, but the shipping time may be delayed, and more development resources will be required. On the other hand, the life cycle of the current software product may be no longer than 10 unit time (for example, 10 months), and the budget may be rather tight. In this case, the project leader can choose to release the software to meet the budget and the delivery deadline. In this way, the proposed interval estimation method can provide the practitioners a useful measure in flexible decision making.
Conclusion
In this paper, we have developed the interval estimation method for the wavelet-based software reliability assessment. The simulation-based bootstrap method has been utilized to derive the interval estimates for both the software intensity function and the mean value function, where the underlying stochastic process was described by the wellknown NHPP-based SRMs. It should be noted that this was the first paper to estimate the two-sided confidence intervals of wavelet estimate using software-fault count data. We have estimated the empirical distributions of the nonparametric wavelet estimators, and have obtained the higher moments of the above estimators, such as variance, skewness and kurtosis, and the 95% confidence intervals.
The theoretical contribution of this paper is being succeeded in extending the conventional simulation-based BS method to be applicable to discrete NHPP-based SRMs. Equation (9) is the key idea of this extension. As the first attempt, we applied the linear interpolation, which is the first-order spline interpolation. In the future, we will use high-order spline interpolation to reduce the approximation error caused by the interpolation method. The first practical contribution of this paper is making it possible to derive confidence intervals of software reliability measures from software-fault count data, based on nonparametric NHPPbased SRMs. In the testing phase of software development, the collection of software-fault count data is rather easier than that of software-fault detection time data. Therefore, it is preferable to develop interval estimation method that treats with software-fault count data. Furthermore, this paper provides the software develop team with a new methodology. The upper and the lower bounds of predictive software reliability have been calculated. From the result of the numerical study, it has been found that our method is very helpful in grasping an appropriate perception of the present situation of the product quality. In the future, we will conduct a large-scale experiment with more data sets to establish the credibility and usefulness of the proposed method.
Although we have only focused on the software-fault count data, the confidence interval estimation method for analyzing the software-fault detection time data can also be considered in a similar fashion. In the future, we will propose more general interval estimation framework for a wider class of wavelet-based software reliability analysis.
